Dream reports collected after rapid eye movement sleep (REM) awakenings are, on average, longer, more vivid, bizarre, emotional and story-like compared to those collected after non-REM. However, a comparison of the word-to-word structural organization of dream reports is lacking, and traditional measures that distinguish REM and non-REM dreaming may be confounded by report length. This problem is amenable to the analysis of dream reports as nonsemantic directed word graphs, which provide a structural assessment of oral reports, while controlling for individual differences in verbosity. Against this background, the present study had two main aims: Firstly, to investigate differences in graph structure between REM and non-REM dream reports, and secondly, to evaluate how non-semantic directed word graph analysis compares to the widely used measure of report length in dream analysis. To do this, we analyzed a set of 125 dream reports obtained from 19 participants in controlled laboratory awakenings from REM and N2 sleep. We found that: (1) graphs from REM sleep possess a larger connectedness compared to those from N2; (2) measures of graph structure can predict ratings of dream complexity, where increases in connectedness and decreases in randomness are observed in relation to increasing dream report complexity; and (3) measures of the Largest Connected Component of a graph can improve a model containing report length in predicting sleep stage and dream complexity. These results indicate that dream reports sampled after REM awakening have on average a larger connectedness compared to those sampled after N2 (i.e. words recur with a longer range), a difference which appears to be related to underlying differences in dream complexity. Altogether, graph analysis represents a promising method for dream research, due to its automated nature and potential to complement report length in dream analysis.
Introduction
The discovery of Rapid-Eye-Movement (REM) sleep [1, 2] heralded the beginning of a new era of research on sleep and dreaming. Using electroencephalography (EEG) to monitor participants sleeping in a controlled laboratory setting, Kleitman and collaborators observed cyclical physiological changes in participants over the course of the night, such as variations in brain activity, muscle tone, body shifting and ocular movements. These changes have since been categorized into different sleep stages, each with their own distinctive physiological markers.
They include: the state of REM and the non-REM sleep stages (sleep onset --N1, light non-REM --N2, and deep non-REM/slow-wave sleep --N3, formerly known as S3 and S4, [3, 4] .
In addition to the abovementioned physiology, Kleitman and collaborators observed that awakenings during REM were highly associated with reports of dreaming (~80%), compared to non-REM awakenings (~10%). While this initially led researchers to believe that dreaming was an exclusive property of REM sleep, later studies showed that dream reports could be reliably obtained from non-REM stages [5] . While there is now a consensus amongst dream researchers that dreaming may occur throughout the night during both REM and non-REM sleep stages, disagreement persists over whether dreaming in these distinct phases can be said to be qualitatively different. This point of contention is important, since it has implications for the underlying mechanisms responsible for mental experience during sleep. If the differences are merely quantitative, they suggest that the same underlying mechanism may generate all dreaming experience, only to varying degrees (as claimed by "one-gen theorists", e.g. [6, 7] ). On the other hand, if qualitative differences are found, it suggests that the processes underlying REM and non-REM dreaming may be driven by distinct mechanisms (as claimed by "two-gen theorists", e.g. [8] ). To investigate these possibilities, research over the years has evaluated dream reports collected immediately after laboratory awakenings in REM versus non-REM sleep. Traditionally, this has been done through the use of human judges who rate dreams according to a number of pre-established scales and criteria [9] . In what follows, we briefly outline some of this previous research exploring differences between REM and non-REM dreaming, including recall rates, report length, dream quality, structural organization, narrative complexity, and time of night effect.
The first distinction to be noted between REM and non-REM dreaming relates to recall rates, which led to the original controversy about 'REM = dreaming'. An extensive review of 35 studies by Nielsen [10] demonstrated that recall rates are considerably higher in REM (81.9% ± 9.0, mean ± SD), compared to non-REM (43% ± 20.8). However, recall rates for non-REM may vary considerably depending on the sleep stage --dream recall is at its highest during N1 and its lowest during N3.
The most robust difference found between REM and non-REM dreams in current literature relates to differing report lengths. The most widely used measure of report length is total recall count (TRC, [6] ), which was developed as an overall measure of information processing during sleep. TRC reflects the number of unique words present within a dream report, excluding repetitions, redundancies and external commentary not related to the dream content.
Studies have consistently found that REM reports are longer than non-REM reports, both when measured in terms of TRC [6, [11] [12] [13] [14] and when using the raw number of words contained in the report [15] [16] [17] .
In terms of their qualitative character, REM reports are typically rated as more intense, bizarre, perceptually vivid, emotional and kinesthetically engaging [8, 11, 14] than non-REM reports, which are typically more thought-like and conceptual [16, 18] . Since REM reports are 5 typically longer than their non-REM counterparts, some authors argue that qualitative measures of REM and non-REM reports can only be meaningfully compared when residual differences in report length are discounted. In this regard, several studies have found that the apparent differences tend to diminish and even disappear after statistical controls for report length are employed [6, 19] . However, even after utilizing such controls, some differences persist [20] [21] [22] .
Furthermore, the partialling out of report length has been methodologically questioned, since it presupposes that it is the length of a report that causes dream quality and not the other way around [8, 23] .
A final line of evidence comes from studies comparing REM and non-REM dream reports in terms of their structure, narrative complexity and story-like organization. Nielsen and collaborators [24, 25] found that dream reports collected after REM displayed more of a storylike organization when compared to reports collected after N2. On the other hand, Cicogna et al.
[26] found no difference in the narrative continuity of REM and N2 dream reports obtained from spontaneous morning awakenings; similarly, by using a subsample from this same study [26] , Montangero and Cavallero [27] found no differences in a microanalysis of 14 dream reports matched for report length.
While the differences outlined above point to some between-stage differences in dreaming, another important factor to consider is the time of night in which the dream occurs. Additionally, the narrative complexity of REM dreams has been found to increase across the night [31, 32] although such changes in non-REM dreaming are yet to be investigated.
While previous studies have analyzed the narrative complexity and story-like nature of dream reports, the word-by-word structural organization of REM and non-REM dream reports is yet to be investigated and meaningfully compared. One suitable method for such an evaluation is the analysis of non-semantic word graphs, defined by a given number of nodes (N = 1,2,3…) and a set of edges (E = 1,2,3…) between them (G = N, E). When the graph represents oral or written discourse, each different word is a node, and the temporal sequence between consecutive words is represented by a directed, unweighted edge. The calculation of mean graph attributes using partially-overlapping sliding windows allows for comparisons across individuals notwithstanding verbosity differences. This approach has revealed novel behavioral markers of schizophrenia [33, 34, 35] , such as decreased graph connectedness [34] and a more random word trajectory [35] . Dream reports appear to be especially revealing of underlying thought disturbances in psychosis [34] , and particularly of the negative symptoms of schizophrenia [35] .
Graph connectedness has also been shown to predict cognitive functioning and reading ability in typical 6-8 year-olds [36] , and to distinguish between elderly patients with Alzheimer's disease, or mild cognitive impairments, and matched controls [37].
Here we investigated the structural organization of REM and N2 dream reports by applying non-semantic word graph analysis to a previously collected sample of dream reports obtained from controlled awakenings in a sleep laboratory. The first aim was to investigate 7 whether REM and non-REM reports are differentially structured in terms of their graph connectedness and distance from a randomly-assembled sequence of words. The second aim was to evaluate how the graph-theoretical method compares to the most widely used measure of report length (i.e. TRC) in dream analysis, and to determine whether or not they can complement one another in this regard. Specifically, we hypothesized that: (1) REM reports will be longer than non-REM reports in terms of report length; (2) REM reports will be structurally different to non-REM reports in terms of graph connectedness and their approximation to random graphs; (3) Graph Structure and TRC will change as a factor of the time of night; (4) Graph Structure and TRC will be able to discern which sleep stage a dream report was obtained from; and (5) Graph Structure and TRC will predict differences in the external ratings of dream complexity (as measured by the Perception Interaction Rating Scale, PIRS).
Methods
The data were originally collected at the University of Cape Town for the Master's dissertation [38] of author Danyal Wainstein (DW). The study used a quasi-experimental repeated measures design whereby participants spent nights in a sleep laboratory to provide dream reports.
Participants
Twenty-two adults (ages 18-25; mean = 19.71 ± 1.59), all undergraduate Psychology students of the University of Cape Town, were recruited via an online questionnaire to participate in the study. Two participants were excluded due to poor sleep architecture (1) or extreme sleep inertia (1) . As a result, dream reports obtained from 20 participants (14 females) were included in the data analysis. Participants were fluent English-speakers (score of 100 or more for the verbal IQ of the Wechsler Abbreviated Scale of Intelligence [39]), reported good sleeping habits (score of 5 or less on the Pittsburgh Sleep Quality Index [40]), were moderate to frequent self-reported dreamers (at least once every two weeks [41]), and had no history/presence of illicit substance-use or sleeping/psychiatric disorders.
Sleep study
The sleep study took place at a hospital sleep laboratory where participants spent 3-4 non-consecutive nights, consisting of one adaptation night, followed by 2-3 experimental nights.
During the adaptation night, participants familiarized themselves with the laboratory setting, without controlled awakenings or sleep recordings. On experimental nights, sleep was monitored by polysomnography (PSG) and controlled awakenings were performed in order to obtain dream reports and related questionnaire data. Each experimental night was separated by 2-7 days. This helped minimize any sleep deprivation effects that may have resulted from the experimental awakenings. On the experimental nights, participants arrived at around 19:00 and were prepared for sleep monitoring. DW switched off the lights at 22:00 and woke the participants at 6:00, totaling approximately 8 hours of sleep recordings per session. Participants were woken for the collection of dream reports 5-6 times over the course of the night, including the morning awakening.
Awakening protocol
Controlled awakenings were performed in REM, N2 and N3 stages according to the online presence of defining polysomnographic (PSG) characteristics for the respective stages.
For REM, the controlled awakenings were conducted 5-10 minutes after detection of muscle atonia (via electromyography; EMG), "saw-tooth" waves in brain activity (via electroencephalography; EEG) and distinct jagged eye-movements (via electrooculography; EOG). For N2 awakenings, the defining criteria included the presence of sleep spindles and Kcomplexes (via EEG), while N3 consisted of the presence of synchronized, high-amplitude delta waves (via EEG) and diminished muscle tonus (via EMG). In the case of N2 and N3, the length of time spent in a specific sleep stage was not always the same prior to the awakening, since sequences of sleep stability/instability were difficult to predict. At least 40 minutes of uninterrupted sleep was required between awakenings, with at least 15 minutes after a period of REM.
Dream report collection
When a participant met the defining PSG criteria for the desired stage of sleep, DW entered the room where the participant was sleeping and called out their name until they verbally indicated that they were awake. DW then asked them to recall and report all dream contents that they could remember. The dialogue between participants and DW was based on the protocol 
Non-semantic word graph analysis
The free software Speechgraphs was used to convert transcribed speech into directed non-semantic word graphs (available at: http://neuro.ufrn.br/softwares/speechgraphs, see Fig 1A for an illustration of the transformation). While there are a number of graph measures derived from this analysis, here we chose to evaluate graph connectedness and graph random-likeness, which have been shown to chart major changes in thought organization, such as those in schizophrenia [34-36]. While graphs from the first two windows are shown here for illustrative purposes, the window is applied across the entire dream report, after which an overall average is calculated (C) Illustration of random shuffling. Word order from the dream report is randomly shuffled 1000 times, and and overall measure of random-like quality is derived based an average measures of LCC and LSC based on each of the iterations.
Measures of graph connectedness
1. Edges (calculated by the total number of edges present in the graph). 
Largest Connected

Sliding window to control for report length
Given that connectedness attributes are highly collinear with word count [34] , and that REM reports are typically longer than those of non-REM [6], any overall connectedness differences found when using the entire reports in the transformation would be heavily confounded by differences in report length and thus would not be informative. To control for such residual effects, we employed a sliding window method, which controls for word count by dividing the report up according to the window size employed (see formulae below). A moving window with a fixed length of 30 words and overlap of 29 words was used along each dream report to calculate separate graph measures for each respective window ( Fig 1B) . After reaching the end of the document, the mean value for each measure was calculated across all windows comprised by each report. The window size was based on evidence that 30-word windows are more informative than comparatively smaller sized windows (10 or 20 words; see [34] ).
Comparison with random graphs
To investigate the random-like connectedness of dream reports, we compared each transformed report to 1,000 random graphs, which are assembled using the same number of nodes and edges, but whose word-order is arbitrarily shuffled (Fig. 1C ). Random z-scores for each graph were calculated through subtracting the mean (mrLCC, mrLSC) of the random graph disributions from the original LCC and LSC graph values and dividing the result by their respective standard deviations (sdrLCC, sdrLSC) (see formulae below). Graphs that approximate random graphs are those whose z-scores approximate to 0.
Total Recall Count (TRC)
TRC is an objective measure of report length, which was rated by the researcher, as well as two external judges blind to the awakening conditions. It is measured by the total number of words used to describe any mentation experienced prior to awakening, excluding repetitions, 
Perception-Interaction Rating Scale (PIRS)
The PIRS was constructed for the purposes of the original dissertation [38] and was developed as a measure of overall dream quality and quantity (Suppl. Materials S1), which we infer here to represent the overall complexity of the report. The scale was rated by the researcher, as well as two external judges trained to score the dream reports according to an ordinal scale from 0-9, according to the level of interaction described between the dream characters and their dream environment. Low scores refer to dreams involving passive unconnected thoughts and imagery, while high scores correspond to dreams involving active engagement with one's environment and include interconnected scenes characteristic of an ongoing narrative. The respective levels and their description can be found in the supplementary material.
Ethics and Informed Consent
The study was approved by the Psychology Department's Ethics Committee at Cape 
Results
Dream Recall and Report Complexity
A total of 198 controlled awakenings were performed during REM and N2 sleep, resulting in the collection of 146 dream reports from 20 participants ( Table 1) . Dream recall was more prevalent in REM, while in N2 participants were more likely to report having not dreamt or while those containing ongoing narrative were more prevalent in REM ( Table 2) . 
REM vs. N2 Differences in Graph Structure and TRC
We first aimed to investigate differences between REM and non-REM reports. Wilcoxon sign-rank tests were used to compare the participant medians obtained in REM and N2 (see Table 3 ). We found that REM reports had significantly higher Edges, LCC, LSC and TRC scores compared to N2 reports, a difference with a moderate to large effect size. No significant differences in random-likeness were observed between REM and N2 (i.e. LCCz and LSCz). Table 4 ). Thus, no time of night effect was found in the present data for any of the respective predictor variables. 
Distinguishing sleep stage based on graph structure and TRC Testing Individual Measures
To test how graph structure compares to TRC as a means to discern sleep stage, we constructed generalised linear models with a binomial (REM/N2) outcome, to examine whether aspects of graph structure could significantly distinguish between reports obtained from REM and N2 sleep and how they may relate to the widely used measure of TRC in this regard. The analysis found that the addition of LCC and TRC significantly improved a null model in predicting differences in REM and N2 ( Table 5 ). The differences after adding Edges, LSC, LCCz, and LSCz were not found to be significant. Thus, mirroring the differences found in our Wilcoxon-sign rank tests, we found that TRC and LCC were the best performing variables in detecting differences amongst REM and N2 reports; however, unlike before, Edges and LSC were not found to be significant predictors in this regard.
Testing for Complementary measures
We next investigated whether LCC and TRC could act as complementary measures to one another in the discernment of sleep stage. In this regard, we tested whether the addition of LCC to a model containing TRC would significantly improve the fit of the model in predicting differences in sleep stage. The model containing both TRC and LCC was found to be significantly better at predicting sleep stage than TRC alone ( Table 5) . We performed the same analysis, this time seeing whether TRC could add significantly to a model containing LCC. Once again, the difference between the models was significant, indicating that TRC and LCC are complementary measures in discerning sleep stage. 
Testing the relationship to dream complexity Testing individual variables
We next evaluated whether TRC and measures of graph structure are related to external ratings of dream complexity (i.e. PIRS). The null model adopted for comparison contained the fixed effect of sleep stage, since we are interested in whether the explanatory variables can significantly improve the fit of the model over and above differences in complexity between the sleep phases. Table 6 shows that the addition of Edges, LCC, TRC and LCCz to a model containing sleep stage significantly improved the fit of the model in predicting PIRS scores for these variables, while LSC showed a significant trend in the same direction. LSCz was not found to be statistically significant. In terms of the direction of this relationship, the results indicated that report length and graph connectedness increases while graph random-likeness decreases in relation to increased ratings of dream complexity. The effect sizes of graph structure measures, as estimated by a change in Nagelkerke's pseudo-R 2 , were found to be of a small to medium size;
the effect size for the addition of TRC was large. In order to test whether the slope of effect in predicting dream complexity was different in REM or N2, we tested for the presence of an 015, χ 2 = -0.979, p = .162). We may therefore assume that, except in the case of Edges, the trends for REM and N2 groups were not significantly different from one another in their prediction of dream complexity.
Testing complementary measures
Given the significant relationships found, we next sought to investigate whether attributes of graph structure that were previously found to be significant could act as complementary measures to TRC in explaining dream complexity. To do so, we compared the log-likelihood ratios of a model containing TRC and the individual connectedness measures to a model only containing TRC. We found that the addition of LCC and LSCz significantly improved the fit of the model; no such effect was found for Edges or LSC. As a result, this suggests LCC and LSCz can act as a complementary measure to TRC in explaining differences in dream report complexity. We then went took a final step to evaluate whether LCC and LSCz entered together could further improve the fit of these composite models. Neither model comparison was found to significantly improve the overall fit, although both showed a trend towards significance (0.05 < p < 0.10). 
Dependence on dream complexity in predicting sleep stage
Given that our results indicate that LCC and TRC can predict differences in sleep stage (REM vs. N2), and that both are related to measures of dream complexity, we added a supplementary hypothesis that sought to investigate whether the ability of LCC and TRC to discern between REM and N2 reports is independent of differences in ratings of dream complexity. By comparing the log-likelihood ratios of the respective models, we found that the 
Discussion
Here we investigated differences in the structural organization of REM and non-REM dream reports, and how structural non-semantic graph measures may compare to report length (i.e. TRC) in dream report analysis. This is the first study to demonstrate that when represented as graphs, REM dream reports possess a larger structural connectedness compared to N2
reports, a result that cannot be explained by differences in report length. It also indicates that graph structure, both in terms of connectedness and its random-likeness, is informative of dream complexity, where more complex dreams are associated with larger connectedness and less random-like graph structures. Finally, the results demonstrate that aspects of graph connectedness (specifically LCC and LSCz) can act as a complementary measure to TRC in predicting differences in REM and non-REM dream reports and overall ratings of dream complexity. Collectively, our results complement the existing literature reporting qualitative differences in REM and non-REM dream reports, and point to non-semantic graph analysis as a promising automated measure for future use in dream research.
REM Reports Are Longer and Have Larger Connectedness Compared to N2
The results of the present study are consistent with findings in previous studies pointing to overall differences in REM and non-REM dream reports. Firstly, we found that dream recall is higher in REM than N2 awakenings [10] . Secondly, we found that qualitatively, REM dreams were more part of an ongoing narrative while non-REM dreams involved non-visual, conceptual recall. This is consistent with previous studies showing that REM dreams are more hallucinatory Finally, in our sample, REM reports were typically longer than N2 ones (i.e. higher TRC),
supporting previous studies showing that one of the most robust differences between these two groups relates to report length [6].
Through using a sliding window method, to control for differences in report length, we aimed to investigate whether intrinsic structural differences are found between these reports from REM and N2. The results showed that REM reports had larger connectedness compared to N2 in terms of LCC, while Edges and LSC showed a trend towards significance in this same direction with moderate effect sizes. On the other hand, when comparing dream reports to those that were randomly shuffled 1,000 times, we did not find any differences in REM and non-REM reports in their random-likeness. This suggests that, on average, words contained in REM reports tend to recur with a longer range compared to those in N2 reports, forming longer loops and far-reaching connections, resulting in larger connectedness. However, they suggest that these structural differences are not accompanied by differences in the way that they approximate to random speech, such as is found in people suffering from schizophrenia [35] . In terms of a time of night effect, we were not able to replicate findings from previous studies [14, 30] , which demonstrated changes in qualitative and quantitative aspects of dream reports across the night. In our study, both graph measures and TRC did not change as a factor of the time of night. Given that TRC has been found to change significantly across the night [11, 13] , it is unclear whether the findings for graph structure here reflect a genuine null effect or a particular characteristic of our sample.
Given that controlled awakenings were also conducted during N3 in our sample, we speculate that sleep deprivation from numerous awakenings may have displaced sleep architecture, resulting in changes to the characteristic sleep cycle needed for a time of night effect to occur.
These results collectively suggest that dream reports are less frequent in N2, and when they are present, they are typically shorter, more thought-like and have smaller connectedness compared to their REM report counterparts. Given that many differences in REM and non-REM reports are highly diminished or even disappear after controlling for length [6] , these findings also have value in supplementing the small group of studies that have found differences between these sleep stages over and above residual differences in report length [20] [21] [22] . Further research may investigate the time of night effect, in order to clarify whether graph connectedness increases across the night in a similar fashion to other dreaming variables reported in previous studies [14, 30] .
Graph Connectedness in Relation to Dream Reports Across the Sleep Cycle
Previous studies have found that graph measures from dream reports can be particularly informative of the thought disturbances that underlie psychosis [33, 35] . Such findings naturally prompt comparisons to the long-held phenomenological comparisons [44, 45] of dreaming as a model for psychosis [34, 46] . One of the hallmark differences between REM and non-REM dreaming is the more bizarre, hallucinatory nature of the former [18] . By extension, one may speculate that graphs obtained from REM reports would more closely related to those of people with schizophrenia (i.e. would be less connected). However, such an interpretation is contradicted by the present findings, where REM graphs had on average larger connectedness compared to N2 graphs, and not the other way round. If we were to apply this framework to our sample, it would suggest that N2 dream reports mimic the reports of those with psychosis more than REM reports do, which seems improbable according to its phenomenology. Thus, while the phenomenological aspects of dreaming may approximate the experiences of people with psychosis, the differences in the connectedness of dream reports across the sleep cycle in healthy young adults do not reflect this.
We believe a more suitable approach to the present data would be to interpret the observed differences in graph connectedness in terms of variations in the cognitive ability of participants to retrieve and organize their dream experiences. This is in accordance with findings that graph connectedness tends to increase in healthy cognitive development in children For the present study, we postulate that the observed changes of graph connectedness in dream reports across the sleep cycle may be conceivably affected by two main factors. The first factor is related to sleep inertia and the immediate effects upon cognition of the sleep/wake transition, whereby memory and attention processes may be impaired. Since sleep inertia is more marked in N2 compared to REM [47] , one can imagine that this may exert a more negative impact on the ability to mentally organise one's thoughts in N2, leading to the decrease in report connectedness as compared to REM.
The second factor is related to the nature of the dream experience itself. Since the quality of dreaming may vary considerably, both within and between sleep states, it is possible that the ability to organize experience into a verbal report may be influenced by the underlying complexity of the dream experience to be described. In this sense, dream experiences that are coherent, immersive and story-like may be more easily organized into a report with larger connectedness, while dream experiences that are fragmented and isolated are relatively more 28 difficult to organize mentally and thus are structurally less connected. While complex dream narratives may occur in N2, REM physiology may provide more favourable conditions for such dreams to occur, given the diffuse cortical activity and increased activation of the motor cortex
[48] coupled with muscle atonia, allowing for an immersive, interactive narrative to develop uninterrupted.
While the role of sleep inertia cannot be completely excluded by the present study, the results we obtained tend to favor the second interpretation, for a number of reasons. Firstly, once we partialled out differences in dream complexity, as rated by the PIRS, the ability of LCC to distinguish between REM and N2 dream reports was not statistically significant. This suggests that the ability of LCC to discern REM and N2 dream reports is dependent on the underlying differences in dream complexity found between these two sleep stages. Secondly, by using a model containing sleep stage as a statistical comparison, we investigated whether graph connectedness could significantly predict PIRS over and above any differences in sleep stage (i.e. when differences related to the sleep stage are partialled out). In our analysis, several variables of graph connectedness were found to significantly improve the sleep stage model in predicting ratings of dream complexity, indicating that graph connectedness is related to dream complexity, above any residual differences between the sleep stages. Finally, with the exception of Edges, no significant interaction effect was found between the graph attributes and sleep stage as a variable, indicating that the modeled relationship between TRC and graph connectedness with PIRS was largely comparable for both REM and N2 dream reports. This suggests that within-group differences in graph connectedness of REM and N2 dream reports are comparably related to the overall ratings of dream complexity. As a result, unless there is an intrinsic connection between the intensity of sleep inertia following an awakening and the overall rated complexity of the dream experience, the influence of sleep inertia on its own seems insufficient to explain the present findings.
The most plausible explanation would be to interpret graph connectedness as, at least in part, a reflection of underlying differences in dream report complexity. In this regard, dreams that are more complex and involve coherent, story-like experiences are more easily organized into more connected and non-random report structures, while dreams that are isolated and incoherent are more difficult to mentally organize as is reflected by their smaller connectedness and greater random-likeness. This would also explain the observed sleep-stage differences in graph connectedness, since complex story-like dreams are more common in, but not exclusive to, 
Graph analysis as a method for dream research
By utilizing hierarchical model construction in discerning sleep stage (REM vs. N2) and levels of dream complexity (as measured by the PIRS), we were able to probe how graph connectedness compared to TRC in modeling these variables of interest and whether it could act as a complementary measure in this regard. We found LCC could predict differences in sleep stage and could significantly improve a model containing TRC in this prediction, albeit with a small effect size. We also found that individually LCC and LSCz could significantly improve a model containing TRC in predicting ratings on the PIRS. Given that TRC is one the most widely used measures to distinguish REM and non-REM reports, this finding is of particular important since it suggests that graph-based analyses of report structure may act as a complementary measure to TRC in discerning the sleep stage of a report and measuring underlying aspects of dream complexity. While Edges and LSC did not significantly discern REM and non-REM dreams or significantly improve models containing TRC, they still showed promise in predicting differences in dream complexity.
As a whole, these findings point to non-semantic graph analysis as a potentially valuable tool for dream report analysis. The automated nature of this analysis means that it is fast, lowcost and avoids the biases and problems of reliability inherent in methods that involve human rating systems [9] . It offers a number of methodological advantages, as it may be applied to large corpora of dream reports that may otherwise be too time-consuming and/or expensive to apply traditional, human-based rating systems. The advent of the Dream Bank [49] , which now holds more than 20,000 dream reports represents an example where computational methods such as non-semantic graph analysis may hold particular value.
Limitations and future perspectives
In light of the present findings, a number of limitations need to be considered. Firstly, it is unclear how sleep inertia may have affected the graph connectedness results. While we have 31 shown statistically that such an influence is unlikely to fully explain differences in graph connectedness, it cannot be ruled out. Secondly, our participant median TRC estimates in REM (51.5) and N2 (34.75) are closer to one another compared to those cited in previous studies (e.g.
[11] REM -40, N2 -13; [12] REM -148, N2 -21). Thus, it is possible that TRC's potential as a measure to predict differences in sleep stage may be diminished here, due to inherent characteristics of the sample. Finally, while we have reported differences in REM and non-REM reports, the scope of our non-REM findings is restricted to N2 reports. Future studies incorporating N1 and N3 reports, as well as waking mentation reports, should enhance our understanding of these changes across the sleep/wake cycle in relation to underlying mentation.
Conclusions
We have shown that the word-to-word structural organization of dream reports is informative about the sleep stage in which it was obtained and the overall complexity of the dream report, even when differences in report length are partialled out. Our results are consistent with previous findings showing that dreaming in N2 as compared to REM is less frequently recalled and, when present, is shorter, less intense and more thought-like and conceptual. Our results also supplement previous research by showing that N2 reports display smaller connectedness (i.e. words recur over a shorter range) compared to their REM report counterparts.
Although a time of night effect has been found in previous literature, we were not able to replicate the finding here, possibly due to the displacement of deep sleep due to multiple experimental awakenings in N3. While the effects of sleep inertia cannot be ruled out, the observed differences in graph structure appear to reflect underlying differences in the dream complexity, where coherent, story-like dream experiences (more commonly found in REM), are 32 more likely to be organized with larger connectedness and less random-like report structure.
These findings represent a significant step towards characterizing the evolution of the structure of mentation across the various phases of the sleep cycle. They also point to non-semantic graph analysis as a promising automated measure for sleep research due to its sensitivity to dream complexity and its ability to complement report length in the analysis of REM and non-REM dream reports. Further research can replicate and extend these findings through clarifying the effects of sleep inertia on graph connectedness and evaluating the evolution of graph structure according to the time of night effect. Such investigations can enhance our knowledge of dreaming and its various manifestations throughout the night, while providing additional evidence for the application of automated graph-based methods in dream research.
